Introduction 35
The use of climate ensembles with agricultural models, particularly crop models, is an increasingly 36 common method for projecting the potential impacts of climate change (see e.g. reviews by 37 Challinor et al., 2009a,b) . These developments are timely, given the significant societal interest in 38 both the implications of climate change and the uncertainty surrounding predictions. Ongoing 39 increases in greenhouse gas emissions will continue to alter climate for some decades. Climate and 40 impacts ensembles provide a tool for predicting the implications of these changes and for 41 developing adaptation options. 42
This special issue demonstrates the maturity of this field by highlighting recent progress in 43 methodologies for the design and use of ensembles and in the agricultural modelling that is used in 44 such studies. The word ensemble is used here to indicate any multiple model simulations that seek 45 to quantify uncertainty. This includes both ensembles that quantify parametric uncertainty using one 46 model and ensembles that quantify structural uncertainty by using a number of models. Ensemble 47 agricultural and climate modelling, or more briefly agro-climate ensemble modelling, refers here to a 48 set of directly comparable agricultural simulations generated using one or more climate projections 49 with one or more agricultural models in one or more configurations. The direct comparability of the 50 simulations makes the ensemble a tool for quantifying and exploring uncertainty. An ensemble crop 51 simulation, for example, seeks to quantify uncertainty due to some or all of: climate, crop response 52 to climate, and other determinants of crop productivity. 53
The papers in the special issue reflect the growing breadth of topics that are being assessed using 54 ensemble techniques. They also suggest a parallel with the development of ensemble methods 55 within climate change science itself, whereby a "new era" in prediction was identified as a result of 56 the increasing use of ensembles (Collins and Knight, 2007) . The increase in the use of ensemble 57 techniques in agriculture has been largely enabled by this development in climate science. The 58 influence of climate science is evident from the common use of multiple climate realisations in agro-59 climate ensembles, compared to the far rarer use of multiple crop models. Thus agro-climate 60 ensembles are often the result of the use of an agricultural model as a tool for interpreting climate 61 ensembles in an agriculturally relevant way. 62
The generation of robust projections of agricultural production requires adequate account of 63 uncertainty in future atmospheric composition and climate, the subsequent response of agricultural 64 systems, and the range of non-climatic drivers that affect agriculture. Only in this way can 65 appropriate adaptation and mitigation actions be determined. In addition to introducing and framing the special issue, this opening paper seeks to identify 113 methodologies for making effective use of agro-climate ensembles. Thus, the summary of progress 114 in section 2 is used as a basis for a discussion of knowledge gaps (section 3.1) and some brief 115 reflections on the utility of agro-climate ensembles (section 3.2). Conclusions are presented in 116 section 4. Throughout the manuscript, the word uncertainty, where used without further 117 qualification, is used to denote a lack of predictive precision due to either inherent limitations to 118 predictability (e.g. due to unknown future greenhouse gas emissions) or to a lack of predictive skill 119 (e.g. errors in the design of a model). 120 121
Progress in agro-climate modelling 122
Here we highlight progress in the models used for agricultural impacts assessment (section 2.1) 123
and improvements in the methodological design of studies that use those models, both in terms 124 of the quantification of uncertainty (section 2.2.1) and the use of modelling studies to inform 125 adaptation, which necessarily implies simulating crop yield but also a range of other quantities 126 and processes (section 2.2.2). 127 fields and in a number of ways, e.g. equifinality (Beven, 2006) and consilience (Wilson, 1998) . 140
The use of a range of approaches within agricultural modelling is perhaps most evident with crops, 141 as is indicated by the papers in this special issue, which range from detailed process based models 142 (e. The studies collected here also demonstrate the relatively recent increase in the use of non-crop 154 simulation models for climate impacts studies. The importance of weather and climate inputs in determining the predictive skill of 217 agricultural models implies that appropriate effort should be made to ensure that these inputs 218 are as accurate as possible (without introducing false confidence through unwarranted 219 precision). After reviewing the methods available for post-processing climate model output, 220
Hawkins et al. (2012) employ these methods using a 'perfect sibling' framework, which is 221 similar to the perfect model approach, and find significant variation in results. Whilst that 222 study does not employ a weather generator, the results are relevant for the on-going 223 development of weather generators. 224 225
Going beyond biophysical crop yield impacts 226
Much of the progress in agricultural modelling using ensembles has occurred with crop models. 227 However, in order to inform adaptation, information is needed not just on likely future crop yields as 228 influenced by biophysical processes, but also on the influence of a broader range of processes. Many 229 of the studies discussed in section 2.1, and those presented elsewhere in this special issue, address 230 adaptation in some way. These studies aim for a more complete description of the system through 231 accounting for socio-economic drivers of productivity As the use of ensembles is extended to increasingly complete descriptions of agro-climatic processes 240 (including biotic stresses and human actions), the complexity of the associated models and/or model 241 chains will increase. Since the number of interactions between physical, agricultural and biological 242 systems increases as the number of processes simulated increases, the uncertainty in the 243 interactions will likely result in greater total uncertainty. The issues outlined in section 3.1 regarding data, model complexity, and simulated and actual 302 uncertainty, make it clear that validated, definitive probabilistic ensembles of impacts are difficult, if 303 not impossible, to produce. This implies the need for significant thought in the way that uncertainty 304 and prediction are framed. It also implies a need to recognise that different models may be needed 305 for different parts of the decision cycle. Depending on the aims of any given study, one of two 306 approaches is usually taken to developing agro-climate ensembles. Projection-based approaches use 307 models and data to increase understanding and view decision-makers as end users. Utility-based 308 approaches focus on the decisions that need to be made, rather than projections of impacts. For a 309 broader discussion of these two approaches to managing uncertainty in climate and its impacts, see 310 Mearns et al. (2010) to farm decision-making than the rainfall and temperature data on which that index depends. 340
Whether a projection or utility based approach is used in any given study will depend on a range of 341 factors. The nature of the specific agro-climatic system studied, and the ability (skill) of the tools 342 developed to reproduce the properties of this system, may in part determine the likely success of a 343 utility-based approach. Model skill in turn is underpinned by the development of models for 344 understanding and for prediction. As agro-climatic ensembles are developed and applied to a range 345 of systems, the skill and utility of these tools needs to be carefully assessed. understanding or to produce decision-relevant information, it is important to distinguish the 364 sources of uncertainty. For example, climate change can be affected by policies to alter 365 greenhouse gas emissions, but there is no political control over the response of the climate 366 system to any given greenhouse gas forcing. Thus uncertainty in these two contributions to 367 climate change has different implications for decision making. 368 3. Strategies for combining diverse models and datasets. Agro-climate ensemble modelling 369 rarely uses ensembles of agricultural models. Techniques for using multiple agricultural 370 models could be targeted at projection-or utility-based approaches. In the latter case, 371 different models may be needed for different parts of the decision cycle. In either case, 372
there is likely to be a role for the development of field experiments that are targeted 373 towards modelling, such as those that assess crop phenotypes. 374
Underpinning all three of these recomendations is a methodology that treats models (and also data) 375 as tools from which information is extracted, rather than as competing attempts to represent reality. 376
This methodology could be used to improve understanding of the role of complexity, utility, spatial 377 scale and uncertainty in agricultural prediction and adaptation. 
